ABSTRACT A pulse waveform profiling algorithm is introduced for processing real-time photoplethysmography (PPG) data in mobile applications. The real PPG waveform is discriminated from artifacts based on rules of probability distribution and physiological significance. The swift background is removed through a two-step method to minimize its effect on the final waveform analysis: interpolating the midpoint of the amplitude of the PPG AC part and then interpolating the minimum of each pulse period. The pulse waveform features are extracted from the stratified PPG wave data. The implementation of the proposed algorithm in a real-time mobile application demonstrated its high efficiency and robustness with a sensitivity of around 96% and a positive specificity of 100%. The potential applications of these extracted features are discussed in terms of long-term trends in physiology such as circadian and arrhythmia real-time monitoring.
I. INTRODUCTION
The pulse waveform has been an important diagnosis tool throughout human history. Because of its easy access, ancient Indians, Chinese, Egyptians, Persians, and Greeks used the rate, rhythm, volume, strength, weakness, and regularity of the pulse to understand a person's state of health [1] - [3] . However, these skills have long been limited to an empirical nature and developed through mentoring and practice. The inventions of sphygmography and photopleythsmography (PPG) allowed these waveforms to easily be recorded in the laboratory and clinic. Analyzing these data provides useful information that is correlated with the physiology of the cardiovascular system [4] . A pulse waveform recorded photo-electrically is called a photoplethysmogram. Fig. 1 shows a typical PPG pulse waveform, which is recorded at extremities such as a fingertip or earlobe. The waveform is characterized by the quick rise of the systolic phase and slow descent of the diastolic phase. The systolic phase arises mainly from the contraction of the left ventricle, which generates a forward-going blood flow wave that is transmitted along the vascular system. The diastolic phase corresponds to the relaxation of the ventricle and includes some fluctuations that are generally attributed to reflections as the forwardgoing wave is transmitted through the vascular system. The valley in the diastolic phase is called a notch. The amplitude of the reflected wave is widely accepted to be correlated with the amount of reflection or vascular tone mismatch at sites where wave reflections occur [5] - [7] . This indicates that studying the notch of the PPG waveform may help with understanding the physiology of vascular activities [8] . The time difference between the reflected wave and first peak is called the pulse propagation time (PPT) and should depend on the pulse wave velocity (PWV) in arteries [5] , [9] . The reflection index (RI) is defined as the ratio of the reflected peak to the systolic peak B/A, which is related to the dicrotic index [6] . PPT can be taken as a surrogate of the pulse wave velocity (PWV) and arterial stiffness, and the stiffness index (SI) is defined as an object's height divided by PPT (i.e., h/PPT [10] , where h is in meters). SI has a similar value to PWV and is strongly correlated; this has been verified through measurements of the pulse transition time from the carotid to femoral site [9] , [11] .
However, the dicrotic notch is not so apparent in most cases and can even disappear. A second-derivative pulse waveform analysis method was introduced for accurate determining notch and peak points. It was initially proposed for peripheral pressure pulse waveform analysis to screen for arteriosclerotic disease and evaluate the aging effect on the cardiovascular system. The second derivative of PPG, which is often called accelerated PPG (APG), was mainly developed by Japanese researchers for easier interpretation of the original PPG waveform [10] . In 1978, Ozawa confirmed that APG represents the inflection point of the original PPG [12] . Since then, much research has been carried out on APG. As shown in Fig. 1(b) , five sequential waves are easily recognized in a typical APG waveform and are called the a, b, c, d, and e waves. The relative heights of these waves (i.e., b/a, c/a, d/a, and e/a), particularly d/a, have been correlated with age [12] - [14] , arterial blood pressure [13] , [14] , and large artery stiffness [15] . Vasoactive drugs have also been reported to have a strong effect on these ratios [16] . Research on the arterial distensibility of adolescents showed that the d/a value is also correlated with the risk of developing atherosclerosis [17] . Although various indices have been proposed for quantitatively describing the aging of the vascular system, such as the individual ratio of b/a [18] or (d − b)/a and (c − b) [19] , the more complex aging index (AI) of (b − c − d − e)/a is widely accepted based on the statistical results of cohort studies [12] and is now applied in many cardiovascular healthcare and clinical practices. In recent studies, APG has been used to extract information on the peripheral blood pressure [20] . Millasseau et al.'s [21] parallel study showed a strong correlation between the features of the PPG and pressure pulse waveforms and suggested a mathematical transformation between them. Other studies extracted features of new concepts from the PPG signal and used them to develop cuffless blood pressure estimation methods [22] , [23] .
There is an increasing interest in using more complicated algorithms to extract information from the PPG waveform. Artificial neural networks have been used to extract waveform features [24] - [26] . Other methods include obtaining periodic components by using frequency analysis [27] or nonlinear dynamical analysis [28] and calculating the heart rate variability (HRV) statistical indices of SDNN (standard deviation of the NN interval) and rMSSD (root mean square of successive differences) [29] . The respiratory rate can also be extracted based on variations in the PPG waveform, although many clinical comparisons are needed to confirm the effectiveness [30] , [31] .
All of the above studies show that valuable information related to understanding the cardiovascular system can be obtained by analyzing the PPG waveform. The repeatability of AI as a global parameter has been frequently confirmed, and its correlation with PWV has also been verified in many works. However, because these parameters are not straightforward compared to the original PPG signal, the physiological characteristics behind these derived parameters are not clearly understood, and some parameters do not have acceptable repeatability [32] , [33] . Many studies are also now exploring the application of PPG in more areas, such as blood pressure and arrhythmia monitoring. There is a strong demand to extract information embedded in the PPG waveform that can be physiologically interpreted. As stated by Shelly [34] , to exploring the potential of the PPG waveform, accessing the unfettered raw signal is very important to standardize the presentation and methods of analysis. More research is needed to consistently extract the features of the PPG waveform and turn these results into healthcare benefits.
The future of PPG and its application heavily rely on standardized digital signal processing and the ubiquitous availability of PPG data. PPG is the most easily accessed and inexpensive method of monitoring health in real time and provides new opportunities for healthcare and physiology based on real-time data, such as the heart rate and rhythm, arrhythmia, blood pressure, glucose, or other malignant vascular events that can lead sudden death. PPG faces many challenges in terms of device design, data processing, and information extraction because the signals are often full of noise and artifacts. The above methods are normally based on statistical data obtained by professionals. The Fourier transform can be used to easily provide the heart rate, but then much of the information embedded in the original PPG waveform is lost. Currently, there have been limited studies on real-time continuous data processing and information extraction of PPG [35] , [36] . Although many modern methods have been introduced for analyzing PPG data-such as artificial neural networks [25] , random forest, decision tree, RIPPER (rule-based induction) [37] , k-nearest neighbors, and support vector machine classifiers [38] -the outcomes of these methods are very much influenced by the inputs of reliable and interpretable features [36] .
A good PPG waveform analysis method should not only help with understanding the features of the waveform but also can be used to reverse-engineer the original signal. Understanding the physiological origins will help with understanding changes in PPG and its application to monitoring health, especially the cardiovascular system [39] - [41] . It is difficult for the extracted parameters from second derivatives and Fourier analysis to achieve this. In this study, we VOLUME 6, 2018 developed a pulse waveform profiling method based on physiological characteristics. In this method, characteristics such as the amplitude, rise time or systolic time change, and pulse period are used as discriminate the real pulse signals from noise or artifacts due to muscle or posture changes. First, the individual beats are recognized from the continuous pulse wave. Then, the background is subtracted to remove the swift background due to signals. Finally, a pulse wave profile analysis is performed to obtain the features of the PPG waveform, which include the heart period, systolic time, diastolic time, pulse width at various heights, area at different phases, amplitudes of variable value (AC) and constant value (DC), and the statistical values of these parameters. The parameters obtained by continuous pulse wave monitoring showed quite interesting trends in terms of their relationship with cardiac functions. This kind of study based on real-time data will help with understanding the physiological significance of the PPG waveform and make PPG a great tool for understanding the health status of the cardiovascular system and its trends to prevent risks to mortality and vitality due to cardiovascular events.
II. EXPERIMENT
The original PPG signals were measured with a PPG device developed in-house at a sampling rate of 200 Hz and resolution of 14 bits. Because the device was designed with limited flexibility, it was placed on a digit of suitable size (either the little, ring or middle finger) depending on the subject's feeling of comfort. The data were transmitted by Bluetooth at 2.45 GHz and processed with a smartphone app programmed according to the proposed algorithms. The designed study was approved by the appropriate ethics review board of the hospital. All data were collected from 519 volunteers. The PPG data were recorded for 15 s. The PPG data were measured twice or more per day for 2 weeks. In addition, several volunteers cooperated to provide PPG data on daytime activities (measured many times during the day). Such data collection is continuing and more than 4000 data points have already been acquired. To confirm the relationship between cardiovascular disease and PPG features, 68 of the volunteers were identified as hypertension patients (approximately 13%), and six were identified as arrhythmia patients (approximately 1%). Table 1 summarizes the physiological parameters of these volunteers. The blood pressure values are described separately for the hypertension patients (H) and others (N). The height and weight data were taken from volunteers willing to disclose them.
III. DATA PROCESSING METHOD
The PPG signal records the change in light intensity as it passes through an artery or capillary-rich tissue, which is normally the finger or earlobe. The actual recorded PPG signal has four main components: the desired or real PPG waveform, noise, artifacts, and swift background. The real PPG waveform has physiological origins from the cardiovascular system; it reflects the change in blood volume in the arteries over time as the blood flow is pumped by the heart. As shown in Fig. 1 , the normal PPG waveform has a prominent upstroke in the systolic phase and a relaxed downstroke in the diastolic phase. The varying amplitudes of the PPG waveform correspond to changes in the blood volume and are mainly due to arteries, arterioles, and capillaries. The whole period of the systolic and diastolic phases makes a complete cardiac cycle, or heartbeat. When the sinus node of the heart is functioning, the rhythm and cardiac output (blood volume) can be predicted within a certain range which varies by person and by time, and the PPG waveform changes accordingly. The noise embedded in the PPG signal is from random interference arising from undesired light or electrical signals from the background or PPG device. Artifacts originate from motion and/or convulsions within the tested area. The swift background is related to the slow blood change in the vein, slow movement of muscle, position change of the tested area, and/or changes in posture. The noise has quite different frequency properties and can easily be removed with well-designed hardware or a digital filter. However, the artifacts and background are not easily excluded from the real PPG waveform because they may have coinciding frequency and amplitude properties.
Fortunately, fingerprints inherent in the real PPG waveform are helpful for discriminating it from artifacts. As analyzed above and observed in large amounts of experimental PPG data, the real PPG waveform has physiological origins. Changes in the real PPG waveform can be reasonably assumed to be continuous; thus, the parameters that describe the PPG waveform should change within a predictable range and be physiologically significant. For example, the periodicity of the PPG waveform should be closely related to the heart rate, whereas changes in the AC amplitude should correspond to variations in the cardiac output. These fingerprints can be used to recognize the real PPG waveform. A fast and robust pulse waveform profiling algorithm is proposed based on this calculation to provide many parameters (e.g., the heart rate, systolic time, diastolic time, reflection, and notch with the full width at various heights) that describe the waveform of the PPG signals. It can provide a detailed list of these parameters with each beat to facilitate calculating deviations, variations, and heart rate variations (HRV). The algorithm was implemented in a smartphone app to prove its efficiency and robustness. The algorithm is presented below.
A. DATA PREPROCESSING
The obtained experimental results are taken as the raw data, which include the intensity and time. The data are first passed through a bandpass filter (finite impulse response (FIR) filter, order: 6, passband: 0.1-5 Hz). Then, the local maxima and minima of the intensity are searched for among all of the input data.
LocalM
The matrix localM is used to record all local maxima and minima in sequential time. Each element included three parameters: the time t(i), amplitude a(i), and label(i). A local maximum is identified with 1, and a local minimum is identified with −1.
B. FEATURE EXTRACTION OF THE SYSTOLIC PHASE
Next, the features of the systolic phase are extracted. The matrix of localM is input to the followed loop to find the pseudo-systolic phase:
i=1; for j=1: 
C. DATA STRATIFICATION
The pseudo-systolic data are then stratified into three groups to detect the correct systolic peaks. All PseudoST data are checked for whether it is a true systolic phase based on rules regarding the physiological significance of the systolic time (ST) and probability principle. First, the data are checked for whether there are more than three pairs or two continuous heart periods for each group. If there are no more than two continuous cycles, the data have a high probability of not being from a true PPG waveform or distorted by artifacts. The loop for checking and grouping PseudoST in group 1 is as follows: k=0; n=0, For j=1:end If 150ms≤ST(i)<350ms k=k+1; pT1(k)=T(j); if k≥2 and 350ms≤pT1(k)-pT1(k−1) ≤2000ms n=n+1; ST1(n)=ST(j); AC1(n)=AC(j); T1(n)=T(i); MidAC1(n)=MidAC(j); MidACT1(n)=MidACT(j); end end end The same loop is also applied to check and group the data in the other groups with changed if-conditions: ST(i) ≤ 160 ms for group 2 and ST(i) ≥ 320 ms for group 3.
To determine whether PseudoST is a real systolic phase, the followed four conditions have to be satisfied:
1) INTERVAL
The interval between two continuous cycles is regarded as the heart period. The period should be within the physiologically normal range of a heart cycle. Here, an interval of 350-2000 ms was applied, which translates to a heart rate of 180-30 bpm.
2) SYSTOLIC TIME
The change in ST should not be dramatic. The ST difference between two adjacent systolic phases should be less than the assumed threshold, which was set to 35% in this study.
3) SYSTOLIC AMPLITUDE
The change in systolic amplitude is also related to variations in the cardiac output, which should also be continuous. The change in the AC part between two systolic phases should be less than the assumed threshold, which was set to 50% in this study.
4) NUMBER OF HEART CYCLES
There has to be more than two continuous heart cycles.
Therefore, the four rules are defined as follows for group 1:
For groups 2 and 3, only rule 1 (i.e., the heart period) is changed: 350-1000 ms and 650-2000 ms, respectively. The other three rules are kept unchanged.
The hierarchy strategy is applied to the checking and grouping process based on the probability principle. First, the data are checked for group 1. Then, the remaining data are checked for group 2. Finally, the remaining data are checked for group 3. The experimental database showed that ST had a high probability of being between 150 and 350 ms but a low probability of being less than 150 ms or greater than 350 ms. The high limit of 450 ms and low limit of 100 ms were set according to the reported physiological extremes. VOLUME 6, 2018 Therefore, ST between 150 and 350 ms is first checked. This is followed by ST between 100 and 150 ms, which may be applicable to young and exercising people. Finally, ST between 350 and 450 ms is checked; this may be applicable to the elderly or unhealthy cardiovascular groups. Because there may be some crossover between these groups, some overlap between groups is allowed for in the calculation.
In a more sophisticated algorithm, conditions (2) and (3) can be used to design a flexible threshold strategy. The threshold can be self-adaptive when a more intelligent algorithm is applied.
All sorted local minima related to the systolic phase and the filtered data between minima are then used for further analysis. A new matrix TrueST is formed for these systolic phase pairs. TrueST includes the following values: ST1, AC1 T1, MidAC1, and MidACT1; ST2, AC2, T2, MidAC2, and MidACT2; and ST3, AC3, T3, MidAC3, and MidACT3. These values are sorted by T.
The background needs to be removed to minimize its effect on the final waveform analysis. A Hermite polynomial interpolation is applied to obtain the baseline of the background. The interpolation points are the midpoints of the systolic phase MidAC and MidACT, which are obtained after the checking and grouping discussed above.
D. FEATURE EXTRACTION WITH PUILSE WAVEFORM PROFILING
After the data have been segmented and the background is removed, PPG waveform profiling is applied. Note that the local minima and maxima may change slightly because of the background removal if local extrema are used as the characteristic points of the PPG waveform. These characteristic points can be calculated with methods such as the local extrema, first derivative, and second derivative of the intensity data or a combination of methods. All of these methods showed acceptable results when compared with ECG data [42] . In this study, the local minimum and maximum were used to maintain consistency and simplicity. The maximum between two adjacent minima T(i) is taken as the systolic peak. The minimum between the new maxima is taken as the starting point of the systolic phase and the starting point of the heart cycle. A heart cycle can then be defined as the period between two minima. Other characteristic points such as the notch and reflection peak are obtained from the local extrema between the maximum and following minimum.
To keep consistency with previous works, the data are further refined to a zero background by using Hermite polynomial interpolation and normalized in terms of amplitude. The DC part of the PPG signal is removed; only the AC part is left, and its minima in each heart cycle are set to zero as a baseline for analysis. The final PPG pulse waveform appears to fluctuate above a zero baseline. The final sample data are shown in Fig. 3 . Only the real PPG waveform is left; other data are set to zero. Finally, various parameters based on waveform profiling can then be obtained for each pulse cycle, including the variation or standard deviation of the period, full width at half maximum (FWHM) of various heights, area of each phase, angles at turning points, and the variations or standard deviations of these parameter. If there is a notch, relevant parameters such as the argumentation index, peak width at different heights, time interval, and area in each phase should be calculated. Fig. 2 is a flowchart of the procedure described above. Fig. 3 shows the final results. The raw data had noise, the swift background, and distortions due to movement artifacts, as shown in Fig. 3(top) . Fig. 3(middle) shows the data with the background removed by the interpolated midpoint method; the variations in the amplitude are easy to see. The final PPG pulse waveform is shown in Fig. 3(bottom) ; the pulse wave distortions due to artifacts are removed, and the continuous PPG waveform signal is interrupted. Fig. 4 shows the effect of the current algorithm on the different kinds of background that are typical for the real PPG waveform. The algorithm was found to help identify arrhythmia. Several dozen cases of arrhythmia were also observed in the database, which made the pulse waveform profiling complicated and is discussed later.
IV. RESULTS
Two statistical indices were used to evaluate the performance of the pulse wave profiling algorithm. The sensitivity (SE) and positive predictivity (+P) were defined as SE = TP/(TP + FN) and +P = TP/(TP + FP), respectively, where TP is the number of correctly detected true PPG waveforms, FN is the number of rejected waveforms that are true PPG waveforms, and FP is the number of detected waveforms that are actually not true PPG waveforms. SE was used to measure the percentage of true PPG signals that were correctly detected by the algorithm, whereas +P reflected the percentage of detected PPG signals that were the true PPG waveform. Because there was no standard or comparative study available to discriminate TP, FN, or FP, these numbers were recorded based on manual recognition by experienced staff in the laboratory. For this purpose, 519 subsets of data were collected by randomly selecting one sample from 519 subjects. Because the testing subset was taken from the data of all volunteers, the age range was wide at 18-94 years old. The values of SE and +P were calculated on the basis of the dataset, not the individual waveform count. Therefore, a dataset with true PPG waveforms was taken as positive, and a dataset with pure noise and artifacts or no recognizable PPG waveform was taken as negative. Among the 519 datasets, reasonable results were obtained from 495 datasets, and these all contained true PPG waveforms. Thus, TP was 495, and FP was 0. Among the 24 datasets for which no results are given, two datasets were true negatives. The other 22 contained true PPG waveforms despite the high noise and many artifacts. Thus, FN was 22. Then, SE was calculated as 495/(495 + 22) = 95.7%, whereas +P was calculated as 495/495 = 100%. These results validated the effectiveness of the current algorithm. To verify the assumptions of ST, the ST data from all retrieved databases were analyzed. The distribution chart is shown in Fig. 5 . The range of ST was within 100-400 ms with a skewness of 0.36 and kurtosis of 2.96. The distribution was slightly right-skewed and sharp. The mean value was 223 ms with a standard deviation of 32 and 95% significance with P < 0.001. This kind of distribution may be because most of the data were from a healthy population. VOLUME 6, 2018
V. DISCUSSIONS A. BASELINE AND BACKGROUND REMOVAL
The experimental data showed that the PPG wave often contained a swift background. For PPG waveform analysis, this background needs to be removed so that there is a baseline. The first and second derivatives of PPG were actually proposed to eliminate the influence of the baseline shift in the PPG signal. Although the baseline is easily defined in an APG wave, its waveform is easily distorted by the swift background in PPG data. Many studies have reported that some characteristic points cannot even be found [22] , [23] , [43] - [45] . Many methods have been proposed to eliminate the impact of the background on PPG waveform analysis, such as the adaptive delineator [43] , machine learning method [46] , [47] , and moving averages with offset threshold [48] . Using a proper background removal strategy is quite important for PPG waveform analysis.
This algorithm uses a two-step strategy for background removal. First, the large swift background is removed by midpoint interpolation in the systolic phase. This is then refined by interpolating the minimum of each heart cycle. The midpoints of the systolic phase are used because they are close to the transmural state. The vascular system is either strained or compressed at its largest diameter in the systolic phase or smallest diameter at the end of the diastolic phase. The buckling state corresponds to the zero transmural pressure state, as shown in buckling analysis of the artery. In this state, the artery has the biggest compliance, as confirmed by the largest oscillations in the cuff when the pressure is nearly equal to the mean arterial pressure (MAP) [49] , [50] . When PPG data are collected, the pressure is quite small, so the compliance of the artery is not greatly changed. However, it is reasonable to assume that an artery oscillates around a pseudo-balanced state that corresponds to somewhere between the maximum and minimum of the oscillating amplitude. With this method, the midpoint of the systolic phase is used as a surrogate. Furthermore, cardiovascular studies have shown that the ejection fraction and the diastolic pressure of the left ventricle vary by beat, which cause variations in the blood volume in the arteries and diastolic pressure [51] , [52] . Therefore, the zero baseline is desirable but not reasonable. The midpoint represents a better guess of the baseline than the zero baseline.
B. PARAMETERS OBTAINED FROM PPG WAVEFORM PROFILING
Although many studies have focused on how to correlate the physiological characteristics with parameters derived from the complex APG waveform, less attention has been paid to the fundamental question of what determines the morphology of PPG waveform itself. The physical and physiological properties of the cardiovascular system determine the PPG waveform, such as the compliance of the vascular system and pressure, temperature, and other properties of blood. This implies that changes in the PPG waveform features are reflections of these physiological determinants. Efforts along this line of thinking have made PPG a promising tool for noninvasive and real-time monitoring of the cardiovascular system. The width of the waveform (FWHM is most often used) has been found to be correlated with the vascular resistance [52] . The AC amplitude and FWHM of the pulse waveform together with the instantaneous heart rate have been used to understand changes in posture during daily life [54] . The blood pressure also has a significant influence on PPG waveform features such as the full widths at half and two-thirds maximum [55] , ST, and diastolic time [56] . These studies have shown that PPG waveform features are very useful for understanding the performance of the cardiovascular system.
ST is another promising waveform feature that is obtained from PPG and is strongly correlated with an important index: the left ventricular election time (LVET). LVET increases with aortic valve disease and decreases with left ventricular muscle failure [57] . A long LVET may indicate heart diseases that impair cardiac output or stenosis of the aortic valve. An abnormally short LVET may indicate hyperthyroidism, diastolic hypertension, and a small left ventricle. ST obtained from a noninvasive pulse waveform was found to correlate well with those obtained by direct catheterization techniques and can be used for clinical and investigative purposes [58] - [61] . The most promising feature of PPG is that it can be used as a noninvasive, real-time, convenient, and cost-efficient method to monitor the long-time trends of these parameters. Fig. 6 shows the trend data for 1 day of real-time monitoring of a volunteer. There were some variations due to daily activities such as physical movement and dietary needs. Besides these variations, the trend chart showed that some parameters have a strong cyclic performance, which may be related to the circadian patterns of cardiovascular systems. Cardiovascular events are known to show a day/night distribution that has been attributed to the circadian system. The heart rate, blood pressure, and endothelial function show diurnal variations during the day. The onset of cardiovascular disorders such as acute coronary syndrome, atrial arrhythmia, and subarachnoid hemorrhage also exhibits diurnal oscillation [62] , [63] . Another noticeable characteristic is that different parameters show different cyclic patterns in different phases of the circadian pattern. The different phases may help understand the synchronization between the internal clock and daily stimuli from outside and environment. These cyclic performances were found to be repeatable in the volunteer, but more research is needed to investigate whether similar circadian patterns are repeatable over a long time and for a large population.
C. ARRHYTHMIA MONITORING
Arrhythmia, which includes atrial fibrillation (AF), is a serious threat to human health. Screening for arrhythmia is challenging because it is often paroxysmal and asymptomatic. AF prevalence is around 3% of the general population above the age of 20 and increases with age to become substantial in the elderly. Among them, more than 40% of the cases are asymptomatic. AF also increases the risk of cognitive impairment and dementia. Identifying AF on a daily real-time basis is important [64] . Traditionally, ECG has been used as the only tool for monitoring this transient phenomenon, but it is cumbersome. A wearable device with a PPG function is simple, cost-efficient and easy to access. It has become a promising method for real-time AF monitoring in the general population without an ambulatory ECG [65] - [67] . However, because of motion artifacts, the algorithm cannot provide AF classification for an average of 36% ± 9% of the 24 h of monitoring data [68] . PPG waveform features have their niche in early detection and screening of arrhythmia [69] . These features include heart rate variability, peak amplitude, and derivatives like the standard deviation and sample entropy. This can make PPG a reliable tool for early alerts [70] . In our database, some odd PPG waveforms that appeared to show bigeminy were found with the proposed PPG waveform profiling method. Fig. 7 shows just one example. The PPG data were obtained from subjects with arrhythmia. The changes in the waveform and its related parameters are apparent. The periodic time (PT) for the first segment was around 700 ms. ST was 180 ms, and FWHM was 370 ms. In the second segment, PT jumped to vary between 1800 and 2000 ms, ST varied between 200 and 220 ms, and FWHM varied between 1150 and 1300 ms. However, if the second segment is decomposed to two peaks for each wide and complex peak, PT of the complex in the second segment was like a short beat of around 750 ms followed by a long beat of around 1350 ms, which should correspond to premature ventricular contractions (PVC) [71] , [72] . ST for the premature beats fluctuated between 160 and 240 ms. FWHM followed the same pattern as PT with a minimum of 415 ms and maximum of 610 ms. All values were greater than those of the first segment. Further studies are needed to correlate these characteristic parameters and their changes with the diagnosis of clinical arrhythmia so that the algorithm can be tuned to accurately define types of arrhythmia as PVC, AF, ventricular tachycardia, or other origins.
D. WEARABLE APPLICATIONS
Wearable devices, including smartphones and smartwatches, will be very important for healthcare in the future. Systems that recognize activities by using inertial sensors and acquire activity status and biological information have been proposed [73] , [74] . In order to correctly acquire biological information during an activity, features need to be correctly extracted from a PPG waveform influenced by body motions and other artifact. Removing these artifacts is very important, especially for the practical application of a wearable healthcare system that can be worn during exercise. Many studies are being conducted to realize such a healthcare system. To consider daily activities as well as intense exercise, studies have applied frequency analysis, adaptive filters, and machine learning methods [75] - [78] . In addition, research on heart rate measurement using Image-PPG has been carried out so to avoid constraints from wearing devices [79] .
These studies are strongly conscious of the real world, and any will have high practicality and accuracy. The proposed method provides a simpler algorithm than these other studies. Including the proposed method, each study has strong and weak parts. If they can be merged well, an effective method can be developed for real-world mobile applications.
VI. CONCLUDING REMARKS
The current algorithm was implemented for real-time monitoring with mobile devices and was found to be efficient and artifact-resistant when detecting the real PPG waveform. Parameters such as the AC amplitude, pulse wave period, upstroke time, and FWHM as well as their variations can all be extracted by PPG waveform profiling.
Further studies are needed to interpret the physiological significance of these parameters, their correlation with blood VOLUME 6, 2018 pressure, and applications to monitoring arrhythmia and circadian patterns. These parameters provide a good starting point for deep learning that may be useful for understanding the circadian patterns of physiology and preventive healthcare based on real-time physiological data if long-time trend data from a large population are available.
Many feature extraction methods have been proposed [12] - [29] , and each has strengths and weaknesses. Robust feature extraction methods for derivative PPG are also being studied [23] , [45] , and it is necessary to clarify the advantages and disadvantages of each algorithm by comparing their performances. Because of the expected development of wearable healthcare devices in the future, these studies are very important.
